The Bangkok (Thailand) Metropolitan Administration cohort of injecting drug users (IDUs) consisted of 1,209 IDUs initially seronegative for human immunodeficiency virus (HIV) who were followed from 1995 to 1998 at 15 Administration drug treatment clinics. At enrollment and approximately every 4 months thereafter, participants were assessed for HIV seropositivity. As of December 1998, there were 133 HIV type 1 seroconversions and approximately 2,300 person-years of follow-up. Of the 133 observed seroconversions, specimens from 126 persons were available for subtyping (27 subtype B, 99 subtype E). In this analysis, the authors assessed differences in subtype-specific transmission while controlling for important risk factors. The methodology used accounts for left truncation, interval censoring, and competing risks as well as for time-varying covariates such as each IDU's history of reported frequency of injection and of incarceration. Using plausible epidemiologic assumptions and controlling for behavioral risks, the authors found that a significantly higher transmission probability was associated with subtype E compared with subtype B in this population. Since many epidemiologic, virologic, and host factors can influence HIV transmission, it was difficult to conclude whether these differences in transmission probabilities were due to biologic properties associated with subtype. Am J
Human immunodeficiency virus type 1 (HIV-1) has been classified into several subtypes based on genetic variation (1) . The explosive 1988 HIV-1 epidemic among injecting drug users (IDUs) in Bangkok, Thailand, was largely due to subtype B strains, while the larger heterosexual epidemic, which began expanding in 1989, was overwhelmingly due to subtype E strains (2) (3) (4) (5) . However, subtype E has accounted for an increasing proportion of new infections in Bangkok IDUs (6) (7) (8) . Factors contributing to this increase in subtype E among IDUs are not well understood (9) .
One question of interest is whether observed differences in subtype prevalence are due to immunologic or virologic rather than other factors (9, 10) , such as demographic factors, socioeconomic factors, or geographic clustering. If indeed certain subtypes can be shown to be transmitted more efficiently than others, the implications on both scientific and public health policy could be important (9) . The objective of this analysis was to assess differences in subtype-specific transmission in a prospective cohort study of IDUs potentially exposed to HIV-1 subtypes B and E. While much work has focused on sexual-contact transmission of human immunodeficiency virus (HIV) (e.g., refer to Gray et al. (11) ), substantially less has focused on needle-sharing transmission (12) (13) (14) . To our knowledge, there are no published estimates of the relative probabilities of subtypespecific needle-sharing transmission.
MATERIALS AND METHODS

Data
To better understand HIV transmission and to assess the feasibility of conducting a phase III HIV vaccine efficacy trial in an IDU population in Bangkok, the Bangkok Metropolitan Administration IDU cohort was established in 1995 (12) . IDUs attending 15 Bangkok Metropolitan Administration drug treatment clinics were offered, with voluntary informed consent, enrollment in a prospective study. The study protocols were approved by the Ethical Review of Research Committee, Ministry of Public Health, Nonthaburi, Thailand, and an institutional review board at the Centers for Disease Control and Prevention, Atlanta, Georgia. HIV-seronegative IDUs were enrolled during two time periods: May-November 1995 (n ϭ 499) and May-December 1996 (n ϭ 710). Participants received HIV prevention counseling and were assessed for HIV seroconversion at enrollment and approximately every 4 months thereafter. They were informed of their infection status and were offered enrollment and follow-up under a separate protocol if infected (15) . At each visit, data were collected on demographics and risk behaviors since the last visit.
At the completion of the study, 1,124 participants had at least one follow-up visit. The overall HIV-1 incidence rate was 5.8 per 100 person-years, with 133 HIV seroconversions over approximately 2,300 person-years of follow-up (12) . Of the people who seroconverted, 99 were infected with subtype E and 27 with subtype B. For the remaining 7 seroconverters, the virus was not typed, but we assumed that it would have been either subtype B or E. Enrollment times and seroconversion intervals for the persons who seroconverted during the study period are depicted in figure 1 . The horizontal axis shows calendar time from the earliest enrollment date (May 30, 1995) to the study's completion at the end of 1998. In this figure, data for the 133 seroconverters were first sorted vertically by subtype and then by time of last seronegative test.
Covariates considered were gender, age (in years), jail history, history of injecting drugs in jail, frequency of needle sharing, frequency of needle injecting, and casual sex. Jail history was a dichotomous covariate indicating whether the study participant had been imprisoned since the last visit. Similarly, history of injecting drugs in jail indicated whether, since the last visit, the IDU had injected drugs while incarcerated. The covariates needle-sharing frequency and needle-injecting frequency were recorded by using the following nine categories: 0) never/none, 1) less than once a month, 2) one to three times a month, 3) about once a week, 4) two to three times a week, 5) four to six times a week, 6) about once a day, 7) two to three times a day almost every day, and 8) four or more times a day almost every day. Casual sex was a binary covariate indicating whether the study participant had reported engaging in casual sex since the last visit. Table 1 gives the incidence of seroconversion (seroconversions per person-year) by subtype for each covariate level. For example, over intervals during which IDUs reported not being incarcerated, there were 92 seroconversions (16 of subtype B, 73 of subtype E, 3 of untyped virus) and 2,012.9 person-years of follow-up. In table 1 only, the continuous covariate age was partitioned into quartiles. A more comprehensive description of the cohort is given elsewhere (12) .
Statistical methods
The Bangkok Metropolitan Administration cohort study gave rise to competing-risks failure-time data subject to interval censoring and left truncation. That is, we assumed that infection with one subtype precluded infection with a second subtype, such that Bangkok IDUs might be infected with either HIV-1 subtype B or E, but not both. Although dual infections with subtypes B and E have been reported (16) , these infections do not appear to be common and were not considered here. Because the time of seroconversion was known to be only between the last seronegative test and the first seropositive test, the event times were interval censored. Since HIV incidence may vary over time, the appropriate time scale for this analysis was calendar time starting at time t ϭ 0, the earliest enrollment date (May 30, 1995) . Because only those IDUs who were seronegative at the time of enrollment were included in the study, the seroconversion times were left truncated. In other words, IDUs who were seronegative at t ϭ 0 may not have been included in the study because they had become seropositive by enrollment. In this section of the paper, we discuss statistical methods ranging from nonparametric estimation to fully specified transmission probability models that allow quantification of differences between subtype B and E transmission. All methods are likelihood based, with individual likelihood contributions determined by enrollment time, seroconversion interval and subtype, and covariate information when appropriate. Persons for whom subtype was missing contributed to the marginal probability of seroconversion for subtype B or E. Nonparametric exploratory methods. Let T be the random variable for time of seroconversion, with cumulative distribution function (CDF) given by F(t) ϭ Pr[T ≤ t]. This is * Infecting virus not typed. † Frequency categories: 0, never/none; 1, less than once a month; 2, one to three times a month; 3, about once a week; 4, two to three times a week; 5, four to six times a week; 6, about once a day; 7, two to three times a day almost every day; and 8, four or more times a day almost every day. the probability of being infected (with any subtype) by time t for an IDU enrolled in the study at time 0. Let the cumulative incidence function for subtype B be I B (t) ϭ Pr[T ≤ t, subtype B infection]. This is the probability of subtype B infection by time t when risk of infection from subtype E is present. Similarly, define I E (t) as the cumulative incidence function for subtype E so that, assuming that B and E are the only two subtypes circulating in this population, I B (t) ϩ I E (t) ϭ F(t). The nonparametric maximum likelihood estimates of the CDF and the cumulative incidence functions for subtypes B and E are found by using methods derived previously (17) (18) (19) (20) .
Flexible parametric models. In this section, we introduce a flexible framework for modeling interval-censored and left-truncated competing-risks failure-time data that incorporates covariates. We begin with an additive hazards model, which assumes only that infections with subtypes B and E are distinct, mutually exclusive events. Note that additive hazards do not imply that the latent-variable survival times for subtypes B and E are independent (21) . Allowing for dependent competing risks is particularly important, since it seems plausible that an increase in highrisk activities such as needle sharing would put a person at higher risk for infection from either subtype.
Let the baseline hazard functions for subtype B and E infections be λ B (t) and λ E (t), respectively, such that the overall baseline hazard function is given by λ(t) ϭ λ B (t) ϩ λ E (t). We model the baseline hazard function at time t for subtype B infection by where S k (t) are cubic-basis splines (22) . The baseline hazard function for subtype E infection, λ E (t), is defined similarly. Without any covariates being considered, spline hazard functions can be used to estimate the cumulative distribution and incidence curves providing well-defined, smooth alternatives to nonparametric estimates.
Covariates were assumed to have a proportional effect on the subtype-specific hazard rates. That is, if x(t) is some possibly time-dependent covariate, then the hazard function of subtype B infection at time t for a person with covariate x(t) is Covariates were similarly incorporated to modify the hazard function of subtype E infection. Note that the baseline hazard functions for subtypes B and E are not necessarily proportional. If we let the overall hazard function be λ(t x(t)) ϭ λ B (t x(t)) ϩ λ E (t x(t)), it follows that only if a covariate has the same effect on each failure-type hazard function (i.e., β B ϭ β E ϭ β). Transmission probability model. In contrast to the previous section, here the baseline hazard rates are given a specific structure based on the underlying infection process to
allow estimation of the subtype-specific transmission probabilities. First, let the proportion of IDUs in Bangkok that are HIV infectious at time t be π(t). Similarly, let the prevalence of subtypes B and E in the population of Bangkok IDUs at time t be π B (t) and π E (t), respectively, such that π(t) ϭ π B (t) ϩ π E (t). Define a contact as a single act of sharing a syringe or needle with another IDU. Let the sharing transmission probability for subtype B be p B , the probability of infection from a single sharing act with a subtype-Binfectious IDU. (The more general model in which the subtype-specific transmission probabilities are time dependent is not considered here.) Then, p B π B (t) is the probability that a subtype B infection results from a single sharing act at time t with a randomly selected IDU of unspecified infectious status. Denote the contact (or sharing) rate at time t for a person by c(t), given as number of contacts per day. Then, the subtype B infection hazard rate at time t for a person with contact rate c(t) is Models similar to equation 3 have a rich history in infectious disease modeling (23) . This model can be thought of as a proportional hazards model with a baseline hazard rate of λ B (t) ϭ p B π B (t) and the log-transformed contact rate, that is, x(t) ϭ log c(t), as the sole covariate having a coefficient equal to one. In model 3, the hazard rate of subtype B infection is zero when there are no contacts, that is, c(t) ϭ 0. For subtype E, we define the sharing transmission probability, p E , and the baseline hazard function, λ E (t) ϭ p E π E (t), similarly such that λ E (t c(t)) ϭ λ E (t)c(t). Then, the overall baseline hazard function can be written as λ(t) ϭ λ B (t) ϩ λ E (t) ϭ p(t)π(t), where the overall sharing transmission probability,
, is the probability of infection from a single sharing act with an infectious IDU. The overall sharing transmission probability, p(t), is an average of the subtype B and E transmission probabilities weighted by subtype proportions in the infectious population at time t. All covariates other than contact rate, c(t), can be incorporated as in equations 1 and 2, for example,
From the transmission probability model, our goal was to estimate the relative transmission probability, R ϭ p E /p B , while controlling for covariate effects. To assess model fit, the coefficient on the log-transformed contact rate can be estimated instead of being held fixed at one. For example, we can allow the subtype B infection hazard to have the more general form Estimates of γ that differ significantly from one may be attributable to heterogeneity of IDUs in susceptibility or infectiousness, measurement error, or unmeasured confounding covariates (24) .
Subtype distributions. Fitting the transmission probability model requires knowledge of the prevalence of different subtypes in the IDU population from which the study sample was drawn. On the basis of previous estimates (25), we assumed that overall HIV-1 prevalence was constant and 30 percent, that is, π π(t) ϭ 0.3. However, the distribution of subtypes in circulation may change over time. Table 2 provides estimates of the proportion of subtype E from Bangkok Metropolitan Administration screening data over different time periods (25, 26) . To our knowledge, no other estimates of the proportion of subtype E in the population of Bangkok IDUs during this time period are available. On the basis of the data in table 2, we assumed that the proportion of subtype E followed a piecewise linear form passing through each of the estimated proportions (figure 2). To account for uncertainty in the proportion of subtype E over time, a sensitivity analysis was performed by investigating the effect of a vertical shift ∆ of the proportion of subtype E on the relative and subtype-specific estimates of transmission probabilities. Figure 2 depicts the proportion of subtype E over time for ∆ ϭ -0.10, -0.05, 0.05, 0.10. The two ϵ extremes (-0.10 and 0.10) give rise to estimates of the proportion of subtype E well beyond the 95 percent confidence intervals at each time point in the screening phase. Finally, note that these screening phases did not involve random samples of IDUs in Bangkok, since only those IDUs not known to be HIV positive were screened. The effect of this potentially biased sampling is examined further in the Discussion section of this paper.
Reported contact rate adjustment. Thus far, the transmission probability model assumes that the only source of HIV exposure for the IDUs under study is needle sharing. Unfortunately, under this assumption, the reported sharing rate appears to be underreported; 100 of the 133 seroconversions occurred over intervals during which the IDUs reported no sharing (table 1) . That c(t) was mismeasured prohibits using the sharing rate directly in the model. However, despite being mismeasured, the reported sharing rate did contain some valid exposure information. For example, those IDUs who reported no sharing were at less risk than those IDUs who reported at least some sharing. On the other hand, the reported injecting rate appears to be a better measure of exposure to infection than the reported sharing rate since the rate of seroconversion generally increased with the former but did not increase with the latter, and all but one of the seroconversions occurred over intervals during which the reported injecting rate was not zero. Therefore, we made an adjustment that estimated the true sharing rate by using the reported individual-level injecting rates and a population-averaged sharing proportion.
Let the injecting rate at time t be denoted by h(t) and assume that the sharing rate is some proportion of the injecting rate such that c(t) ϭ θh(t), where θ is the average proportion of injecting acts that entail sharing. Without other information about the true contact rate, θ, p E and p B are not identifiable since c(t) always appears in the likelihood function as a product with either p E or p B . While the error in the reported sharing rate prohibits direct use in the model, we can use c(t) to estimate θ by averaging the reported sharing rate to the injecting rate ratio, that is, c(t)/h(t), over all visits for all persons. The true sharing rate is then estimated by h(t). Refer to Hudgens et al. (13) for details. This reported contact rate adjustment should not bias unless the degree of mismeasurement of the sharing rates is different across subtypes.
RESULTS
Nonparametric estimates of the CDF and the cumulative incidence curves are given in figure 3 . The nonparametric R θ maximum likelihood estimate of the CDF can be inconsistent and can severely overestimate the cumulative probability of failure in the presence of left truncation because few persons are at risk when the study begins (27) . Because only six persons were enrolled on the first study day, the nonparametric maximum likelihood estimate of the CDF increased 0.17 on day 0 (i.e., May 30, 1995) , yielding an overestimate of the probability of infection from either subtype B or E. To compensate, the nonparametric estimate of the CDF shown in figure 3 is conditional on escaping infection during day 0. This is also true for the nonparametric estimates of I B (t) and I E (t). Unconditional B-spline estimates of the CDF and cumulative incidence functions are also given in figure 3 . The agreement between the nonparametric and the B-spline estimators confirms that the increase in the CDF at day 0 is attributable to a small risk set and not extraordinarily high transmission rates at the beginning of the study.
B-spline estimates of the subtype-specific hazard function curves in which covariates were ignored are given by the bold lines in figure 4 . Next, the data were fit to the B-spline regression model by using the covariates gender, age, incarceration, and injecting drugs in jail. To control for possible exposure to infection in a fashion similar to that in the transmission probability model, the injecting rate was also included in the model by using a log transformation with the regression coefficient fixed at one. Estimates of covariate effects and the corresponding p values from this B-spline regression model are given in the third and fifth columns of table 3, respectively. As shown previously (12, 13), being female, having been incarcerated, and having injected drugs while in jail were each associated with an increased risk of infection. The effect of gender on the subtype E hazard function was marginally significant (p value ϭ 0.1), while there was no significant difference (p value > 0.8) between males and females for infection from subtype B. The effects of incarceration and injecting drugs while in jail did not differ significantly between subtypes. Casual sex was not found to be associated with risk of seroconversion in this population (p value ϭ 0.49). The estimated covariate effects here are consistent with those shown in table 1, previous analyses of this cohort (12, 13) , and the subtype transmission probability model discussed below. The resulting B-spline estimate of the subtype-specific baseline hazard functions associated with this model are given by the thin lines in figure 4 . Even after covariates were accounted for, the peak in the estimate of the subtype E baseline hazard function persisted. Thus, this peak could not be fully explained by the time-varying covariates incarceration status, injecting drugs while in jail, or injecting frequency.
Based on the data, ϭ 0.04; that is, on average about 4 percent of injecting acts entail needle sharing. Conditional on and the piecewise linear subtype proportion distribution model in figure 2 , we fit the transmission probability model to the data. The estimated covariate effects, 95 percent confidence intervals, and p values given in the last three columns of table 3 are in agreement with the corresponding estimates from the B-spline regression model. Casual sex was not a significant predictor of risk for seroconversion (p value ϭ 0.58). The reported sharing rate was not significant either (p value ϭ 0.24), suggesting that exposure information is better captured by using injecting frequency and estimated sharing proportion. Estimates of the subtype transmission probabilities and the relative transmission probability are given in the first row of table 4, indicating that p E is about 2.5 times greater than p B . Estimates in the four rows that follow are part of the sensitivity analysis; the corresponding relative transmission probability estimates θ θ are also given in figure 2 . Under all scenarios considered in the sensitivity analysis, the relative transmission probability was significantly greater than one, affirming that p E > p B .
The last five rows of table 4 give estimates of the transmission probabilities when the contact rate exponent (γ from equation 4) is estimated instead of being held fixed at one. For the piecewise linear subtype proportion model (∆ ϭ 0), ϭ 0.16, which is significantly less than one, with a 95 percent confidence interval of 0.06, 0.25. Similar estimates of γ (not shown) were obtained under the sensitivity analysis scenarios. It was difficult to determine the source of this lack of fit, but certainly the mismeasured sharing rates offer a plausible explanation. While the subtype-specific transmission probability estimates are greater than the unadjusted model (γ fixed at one), the relative transmission probability estimates are nearly identical. Similarly, covariate effects (not shown) did not differ substantially from the data in table 3 for either the unadjusted or the adjusted models under the different subtype proportion scenarios considered.
DISCUSSION
Results from the various methods used in this analysis were all consistent with a higher transmission rate associated with subtype E infection, leading to the conclusion that the transmission probability per needle-sharing contact is likely greater for subtype E than for subtype B (i.e., p E > p B ). It was difficult to conclude whether the difference in transmission probabilities was due to biologic properties associated with subtype, since epidemiologic, immunologic, and virologic factors can influence HIV transmission (28) (29) (30) . For this analysis, the validity of the subtype-specific and relative transmission probability estimates relied on knowledge of the circulating subtype proportions. Fortunately, external estimates of the subtype prevalences were available. Use of the screening results to estimate the proportion γ of subtype E in the infected population could have introduced a bias, since only those not known to be HIV positive were screened. However, making plausible assumptions, we can quantify the direction of this bias. If we assume that those persons found to be HIV positive during the screening phase represent more recently infected IDUs and that morerecent infections are more likely to be of subtype E, then it follows that the proportion of IDUs infected with subtype E is greater among those not known to be infected (i.e., the screening phase participants) than among the overall infected population. This conclusion implies that the estimate of subtype E prevalence from the screening phases is an upper bound for the true proportion of subtype E in the population. The resulting estimate of the relative transmission probability, ϭ 2.5, would thus be an underestimate.
Another assumption of the transmission probability model is that the only source of HIV-1 exposure in the Bangkok Metropolitan Administration cohort was needle sharing. Both this and previous analysis of the same cohort data (12) suggest that transmission through needle sharing accounts for the large majority of infections with both subtypes B and E and that sexual behavior is not associated with increased risk of HIV-1 seroconversion. In fact, an increase in the frequency of casual sex was found to be inversely associated with the risk of HIV-1 seroconversion. Even if a few volunteers were infected by sexual transmission, this should not bias the estimate of R unless these seroconversions were unevenly distributed between subtypes.
The dominance of subtype E in this study may be due to a lack of independence among the observations. For example, it is well known that needle-sharing networks exist. Many of the IDUs in a network could have been infected with the same subtype at roughly the same time. Since there were 133 seroconverters in this study, a network of 20 or more could have a dramatic effect on the results. Further analysis should be conducted to assess the amount of clus-R tering, either by clinic, geographically, or by phylogenetic relation, of the infecting viral strains.
Other evidence suggests possible inherent biologic differences between subtypes B and E that may influence transmissibility. First, a cross-sectional study in Thailand suggested that subtype E was more sexually transmissible than subtype B (31), although this result may have been confounded by the risk category of the index case (9) . Second, in another analysis of IDUs who seroconverted in the current cohort study, those infected with subtype E had higher mean plasma viral loads than those with subtype B, especially in the early period following seroconversion (15) . Higher viral loads are thought to contribute to higher rates of transmission (32) (33) (34) (35) . The magnitude of the observed difference in viral load depends on the distribution of the seroconversion times for subtypes E and B. It is possible that over the time period of this study, Bangkok IDUs with subtype E might have been more recently infected, on average, than those with subtype B and hence more likely to be in their primary (peak) viremic phase (36) (37) (38) , which would then contribute to higher transmission probabilities. Third, a recent study by Jeeninga et al. (39) suggested that subtype E may replicate more efficiently than subtype B in certain circumstances. These studies, coupled with ecologic observations in the Thailand IDU population showing changes in the distribution of subtypes over time (6) (7) (8) , lend support to a higher needle-sharing transmission probability associated with subtype E as compared with subtype B.
